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Abstract
Using data from 50 long-term permanent plots from across Venezuelan forests in northern
South America, we explored large-scale patterns of stem turnover, aboveground biomass
(AGB) and woody productivity (AGWP), and the relationships between them and with poten-
tial climatic drivers. We used principal component analysis coupled with generalized least
squares models to analyze the relationship between climate, forest structure and stem
dynamics. Two major axes associated with orthogonal temperature and moisture gradients
effectively described more than 90% of the environmental variability in the dataset. Average
turnover was 1.91 ± 0.10% year-1 with mortality and recruitment being almost identical, and
close to average rates for other mature tropical forests. Turnover rates were significantly dif-
ferent among regions (p < 0.001), with the lowland forests in Western alluvial plains being the
most dynamic, and Guiana Shield forests showing the lowest turnover rates. We found a
weak positive relationship between AGB and AGWP, with Guiana Shield forests having the
highest values for both variables (204.8 ± 14.3 Mg C ha-1 and 3.27 ± 0.27 Mg C ha-1 year-1
respectively), but AGB was much more strongly and negatively related to stem turnover. Our
data suggest that moisture is a key driver of turnover, with longer dry seasons favoring greater
rates of tree turnover and thus lower biomass, having important implications in the context of
climate change, given the increases in drought frequency in many tropical forests. Regional
variation in AGWP among Venezuelan forests strongly reflects the effects of climate, with
greatest woody productivity where both precipitation and temperatures are high. Overall, for-
ests in wet, low elevation sites and with slow turnover stored the greatest amounts of bio-
mass. Although faster stand dynamics are closely associated with lower carbon storage,
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stem-level turnover rates and woody productivity did not show any correlation, indicating that
stem dynamics and carbon dynamics are largely decoupled from one another.
Introduction
Tropical forests serve as habitats for more than 45,000 tree species [1], and store up to 262 Pg
C or 66% of world’s terrestrial biomass [2]. In total, more than 1 billion people, most of them
in the tropics, depend on goods and local and regional services provided by forests [3]. More-
over, the whole world benefits from their global climate services, ultimately reflecting the enor-
mous relevance of these ecosystems for species conservation, climate change mitigation and
other ecosystem services.
Tropical deforestation remains a serious concern, with more than 2,000 km2 year-1 lost
between 2000–2012 [4], even with a recent decline in deforestation rates in some countries
(e.g., [5]). Degradation and deforestation of tropical forests between 2005 and 2010 released
between 0.56 and 1.69 Gt C year−1 respectively [6], a number that may account for 10–20% of
global carbon emissions [7,8]. Yet, forests in the tropics have helped mitigate climate change
by sequestering large amounts of carbon. For instance, between 1980 and 2010, net carbon
sequestration in mature forests across countries in the Amazon region was estimated to be
greater than carbon emissions from land-use change, and except for Venezuela, those from
fossil fuels as well [9].
Understanding the factors driving carbon dynamics in tropical forests has become a funda-
mental task in ecology, management and conservation. The production of standing living bio-
mass is primarily a function of the rate of fixation of CO2 by photosynthesis in the forest
canopy, and as such is the primary measure of carbon supply and metabolic activity at the indi-
vidual tree scale [10]. At the stand scale, biomass is the cumulative outcome over time of how
environmental factors (e.g., climate, soils) and functional traits (e.g., leaf area and wood den-
sity) impact forest structure and dynamics, including the rate at which wood is produced
(growth) and lost (branch-fall and mortality) [2].
In highly diverse tropical forests, composed of hundreds or thousands of tree species, each
with its own ecological properties, the importance of this diversity on biomass carbon storage
is actively debated. Some studies have shown a positive effect of taxonomic diversity on forest
carbon (e.g., [11]), but a recent analysis of more than 300 1-ha plots across the tropics found
tree diversity and biomass to be largely uncorrelated in Amazonia, Africa, and tropical Asia
[12]. Also, while a recent review of empirical studies found that some biodiversity attributes
(e.g., species richness) may affect carbon stocks, other vegetation attributes (e.g., community-
mean of wood density or specific leaf area) and structural characteristics (e.g., tree density,
basal area) appeared more influential [13]. Thus, there is evidence that variables such as wood
density [14,15], tree density, and basal area all have some impact on the spatial variation in
aboveground biomass of tropical forests [16,17]. Overall, these studies show that stands domi-
nated by medium to high wood density species tend to have higher amounts of biomass, along
with lower turnover rates, with water availability being a fundamental limiting factor (e.g.,
[18,19]). As a result, in the Amazon region, high biomass sites are often in the Central-Eastern
and Guiana Shield systems [16,20], including some sites in Southern Venezuela, while low bio-
mass is associated with ‘hyper-dynamic’ forests of southern Amazonia [21].
Other factors may be at play too, and potentially interacting in complex ways. For example,
differences in forest biomass and structure across the Amazon Basin were found to be influ-
enced by soil properties and climate [22]. Differences in woody productivity were correlated
most strongly with total soil phosphorus, while stem turnover rates were most strongly
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correlated with a soil physical structure index which combines soil depth, texture, topography
and anoxia [22]. An almost two-fold variation in turnover rates between the eastern and west-
ern portions of the basin, previously reported by Phillips et al. [23], is associated with low fertil-
ity and well-developed soils in eastern, and central Amazonia, versus western Amazonian
forests where higher fertility and less-structured substrates predominate. This implies that the
processes of stem turnover (i.e., recruitment and mortality) and woody coarse productivity
need to be considered to properly understand spatial variation in highly salient structural
parameters such as biomass.
Rates of stem turnover have been shown to be well correlated with productivity patterns at
global scales in at least two ways: a) through bottom-up relationships (e.g., higher soil fertility
inducing faster growth) or b) top-down mechanisms (e.g., higher potential for secondary pro-
duction) [24]. If high turnover does indeed drive higher productivity, or vice versa, we expect
them to be correlated, as has been shown to a limited extent (e.g., [23]). However, whether,
and how, these translate into higher biomass is unclear. Most dynamic global vegetation mod-
els posit a clear link between the rate of carbon production and the rate of carbon storage,
which can be traced back at least to the work of Whittaker and Likens [25], revealing a positive
relationship between productivity and biomass in forests of North America. Yet, spatial varia-
tion in tropical forest turnover rates is also associated with variations in floristic composition
[26,27], and so the relationship between productivity and biomass may not be straight forward.
For instance, high turnover rates in high-productivity forests may limit biomass by promoting
the dominance of species with a low wood density, and thus an increase in productivity does
not necessarily favor increases in forest carbon storage [28]. Furthermore, high productivity
values have sometimes been documented at some lowland sites where turnover rates are usu-
ally low, including in the Guiana Shield region [29].
Thus, while several empirical and simulation studies have contributed to understanding the
process of biomass accumulation and its spatial variation in the tropics [16,22,30,31], it is
important to explore how these interactions between environmental factors, turnover rates, pro-
ductivity and biomass are operating at all scales. In this study, we conduct a comparative analy-
sis of these processes in different forest types across six major bioregions in Venezuela, which
has some of the world’s greatest ecological variation of any country in the tropical zone or
beyond [32–34]. We build our analytical approach upon previous studies which have analyzed
these processes individually or simultaneously mostly at the pan-Amazon scale [17,22,29]. A
two-way interaction between stem dynamics and forest structure along with the influence of cli-
matic factors are both key components of our model (Fig 1). An important difference from pre-
vious studies is that this work expands the analysis beyond lowland forest sites to include
middle to high elevation sites from the Andean biogeographical region, and dry forests sites
near the Caribbean Sea in Eastern Venezuela.
Venezuela encompasses a highly diverse set of environmental conditions which are
reflected in the diversity of biomes, regions and ecosystems where different forest-types cover
about 50% of the land [4], and with approximately 90% of forests located in the Guiana Shield
region, south of the Orinoco river [35], the last major forest frontier in Venezuela [36]. In this
study, we take advantage of continuous data from 50 permanent plots located in different
parts of the country to address three main questions: 1) Are there differences in turnover,
aboveground biomass (AGB) and wood productivity (AGWP) among contrasting ecological
regions?; 2) To what extent does climate influence structure, stem dynamics and AGB?; and 3)
What are the relationships between turnover rates, aboveground biomass and productivity?
We first test the general hypothesis that turnover rates differ significantly between the regions
and predict that lowland forests with shorter or no dry seasons potentially would have the low-
est dynamic rates and would account for the highest values in AGB. A second hypothesis is
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that environmental conditions (i.e., high annual precipitation and high temperatures) are fun-
damental drivers of aboveground woody productivity (AGWP), and thus AGB, predicting a
positive relationship between these variables. Finally, we consider our results in relation to
other studies that have simultaneously addressed turnover, AGB and AGWP, both from field
data and/or using remote sensing techniques.
Fig 1. Conceptual model for the analysis of the relationships between turnover rates, aboveground woody productivity (AGWP), and biomass (AGB)
including forest structure and environmental descriptors. Bidirectional arrows indicate potential two-way relationships.
https://doi.org/10.1371/journal.pone.0198489.g001
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Materials and methods
Ethics statement
This study was carried out in strict accordance with correspondent Venezuelan legislation.
Every plot census was done after obtaining the required permits in those cases needed for
access to protected areas or collecting plant material.
Permanent sample plots
A team of researchers initially led by Jean Pierre Veillon and others thereafter, established in
the 1960s and late afterwards a systematic Venezuelan forests plot monitoring network, with
some of these plots being the longest running sites in Latin America and the tropics [37–39].
Here, we used data from 50 mature forest plots ranging from 0.1 to 1 ha in area (mean plot
size = 0.32 ha), and spanning a wide range of environmental conditions in temperature, rain-
fall, elevation, disturbance regime, soils, forest structure and species composition (Fig 2). Plots
were not equally distributed across biogeographical regions, and thus some areas have been
more extensively sampled than others. Temporally, the plots are characterized by a census
period ranging from 8 to a maximum of 55 years. First censuses were conducted between 1960
and 2004 (mean year of first census = 1973.8 ± 12.2 Standard Deviation), and final plot cen-
suses between 1972 and 2016 (mean year of last census = 2003.4 ± 15.6). On average, plots
were resampled almost 20 times (min = 3 censuses; max = 41 censuses), with an average moni-
toring period of 29.7 ± 16.43 years (min = 2.0 years; max = 54.8 years) (S1 Table).
Plots were classified into six different regions defined by major climatic conditions, geo-
graphical location, and the nature and geological age of the soil substrate as: a) Central-Eastern
Amazon (n = 2 plots); b) Andes Low-Mid Elevation ( 1.500 meters above sea level—masl)
(n = 6); c) Andes High Elevation (> 1500 masl) (n = 14); d) Guiana Shield (n = 11); e) Coastal
Dry Forests (n = 3); f) Western Plains (n = 14) (S1 Fig). Geomorphologically, there are clear
differences with regards to soil genesis among all sites. Plots located in the Central-Eastern
Amazon region correspond to the typical definition of a ´Terra Firme´ forest located on hills
of Ferrasols covered by a sandy layer, and to a lesser extent by Acrisols and/or Alisols [40].
Soils are well-structured, and due to the presence of patches of macro-porosity and lower bulk
density, roots can often penetrate to deeper horizons [41]. Montane forests located in the
Andean region are established where soils are shallow and generally less developed (Cambi-
sols) with increasing slope, and with a higher effective depth and development in flat or par-
tially flat terrains, which are also typically enriched with clay (older Cambisols and/or
Acrisols/Alisols) [42]. Soils of the Guiana Shield fall into two major groups: Acrisols or Ferra-
sols [43], typically with low fertility and high iron concentrations. For two of the plots in this
region (ELD-3 and ELD-4) soils are mostly shallow with some trees growing directly on rocks
that are highly resistant to weathering, with these being classified as Leptosols [41]. Poorly-
developed soils are the main feature in the lower montane and dry forests of the eastern coast
of Venezuela (plots CLA-03, CLA-04, SAR-03), characterized by clay-loamy textures [44,45].
Finally, the Western Plains region is formed as a Pleistocene-Holocene depositional area of
Andean material mostly in the form of alluvial terraces, with microtopographic variations
largely determining soil texture and structure [46,47], and with water availability being a limit-
ing factor for plants during dry season [48].
Data collection involves the measurement of all live stems from all species with diameter (D)
 10 cm at 1.3 m height when possible. Standardized protocols have been continuously employed
for non-cylindrical stems owing to buttresses or other deformities. In these cases, the point of
measurement is raised above the point where stems are more or less cylindrical, approximately 50
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Fig 2. Geographical distribution of forest plots used in this study.
https://doi.org/10.1371/journal.pone.0198489.g002
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cm above the end of the buttress or deformity. The exact height of the point of measurement
(POM) has been recorded and marked on the trees to ensure that subsequent measurements are
taken at the same point along the stem. In each census, we also accounted for all individuals that
had died or were recruited during the interval including possible causes of death [38,49]. Since
2004, all plots are part of the Amazon Forest Inventory Network (RAINFOR) [50,51] where data
have been curated and shared via the ForestPlots.net database [52]. Based on the information
available for all censuses of each plot we have monitoring data for about 20,400 live stems from
571 identified species from 71 botanical families across all sites. Additional details about field pro-
tocols can be found in Brienen et al. [53] and Phillips et al. [49]
Climatic variables
Climatic data (mean annual temperature and precipitation, and minimum monthly tempera-
ture) for each plot was obtained from local weather stations where available. The WorldClim
database at 2.5-min or 5-km spatial resolution [54] was used when local information was not
available. Since water stress is important in predicting the shape of local allometric equations
that are commonly used for estimating aboveground biomass, we also included data on Maxi-
mum Climatic Water Deficit (CWD) as defined by Chave et al. [55], which accumulates the
monthly differences between monthly rainfall and monthly evapotranspiration. Based on geo-
graphical location of each plot, CWD was extracted from a global raster file below 2.5 arc-min-
ute resolution available from http://chave.upstlse.fr/pantropical_allometry.htm (see more in
Chave et al. [55], S1 Table). We also included three additional variables related to water avail-
ability: estimated actual evapotranspiration (AET; mm year-1) and estimated potential evapo-
transpiration (PET; mm year-1), both obtained from the Geospatial Database CGIAR
Consortium for Spatial Information [56], and available water (WA), estimated as the differ-
ence between mean annual precipitation (MAP) and PET.
Overall, mean annual precipitation is 1,676 ± 799.5 mm year-1 (standard deviation) and
mean annual temperature 23.03 ± 4.88˚C for all plots, with the highest temperature in the Cen-
tral-Eastern Amazon region and precipitation in the ‘Sierra de Lema’ zone (SDL plot cluster)
of the Guiana Shield (S1 Table and S1 Fig). Plots covered a wide altitudinal range from 50 to
2,450 meters above sea level (mean = 894 ± 952.6 masl). Most sites are characterized by one
clear dry season (mean = 3.9 ± 2.1 dry months). Nine sites, mostly in the southern portion of
the Guiana Shield and Central-Eastern Amazon were classified as non-seasonal. All climatic
variables were included in a Principal Component Analysis (PCA) as this method reduces
multivariate data to a smaller number of variables by creating linear combinations of the origi-
nal variables [57]. Following recommendations from McCune et al. [58] all variables were nor-
malized by range prior to the PCA analysis. These analyses were conducted using the vegan
package version 2.4.4 [59] within the R software version 3.4.1 [60].
Estimation of turnover rates
We estimated demographic rates (% year-1) for each plot based on the instantaneous rates
approach using the following equations reported in several studies [23,26,29,61]:
Annual mortality ðmÞ ¼
lnðn0Þ   lnðn0   nDÞ
t
x 100
Annual recruitment ðrÞ ¼
lnðn0   nD þ nrÞ=ðn0   nDÞ
t
x 100
Where: n0 is the number of individuals alive at the beginning of the census interval, nD is the
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number of stems that died in the interval, nr is the number of individuals recruited between
censuses, and t corresponds to census interval length. Turnover rate was calculated as the aver-
age of recruitment and mortality [23,24]. It has been shown that estimates of demographic
rates for heterogeneous populations are influenced by the census interval [23,62]. Therefore,
we standardized our estimates of all rates to comparable census intervals using the equation of
Lewis et al. [63]: λcorr = λ x t
0.0759, where λcorr is the rate standardized to a 1-year census inter-
val; λ is the uncorrected demographic rate; t is the length of census interval, and 0.0759 is a
constant. We calculated corrected values of recruitment, mortality and turnover for each cen-
sus interval and for each plot in the data set, and calculated average values per plot, weighted
by the census interval length.
Aboveground biomass and woody productivity
Aboveground biomass of each plot was calculated using the moist forest allometric equation
from Chave et al. [64]:
AGB ¼ 0:0509 rD2H
Where AGB is the biomass of each stem (kg), D is stem diameter (cm), ρ is stem wood den-
sity (g cm-3) and H is stem height (m). The height of each tree was estimated from tree diame-
ter using a height-diameter Weibull equation with different coefficients for each region [65].
Following Baker et al. [14], the wood density of each tree was assigned on a taxonomic basis
from the pan-tropical database of Zanne et al. [66], first by species, and when this was not
available we used data at the genus and family levels, while mean plot-level wood density values
were used when taxonomic information was missing. We assumed carbon to be 50% of total
dry biomass, and as suggested by Malhi et al. [16] and Johnson et al. [29] we added an addi-
tional 6.2% of carbon to each AGB-plot estimate to account for the unmeasured small trees
(<10 cm in diameter).
For each census interval, above-ground wood productivity (AGWP) was estimated as the
sum of AGB gains of surviving and recruiting trees, with AGB mortality as the summed AGB
of trees dying over the interval. AGWP and AGB mortality were corrected to include two
small unobserved components relating to trees that die within the census interval: (1) biomass
gain and loss of the cohort of unobserved recruits that both enter and die between two succes-
sive censuses, and (2) unobserved biomass gain and loss of known trees that die between two
successive censuses. To correct for this, we followed the empirical procedure proposed by Tal-
bot et al. [67]:
AGWPcorr ¼ AGWPobs  0:0091AGWPobs  t
Where AGWPobs is the uncorrected value of woody productivity, and t is the length of cen-
sus interval. Since our census intervals were frequent (mean number of censuses = 20, with an
average of 29.6 years of total monitoring period), the effect of this adjustment is minor. Finally,
to compute comparable estimates of AGWP, we calculated corrected values of every AGB
component for each census interval and for each plot, and calculated average values per plot
weighted by census interval length.
Statistical analysis
General statistics for all turnover rates, AGB and AGWP were calculated (i.e., mean, standard
error) on a per plot basis and by region. We allocated all plots to three seasonality conditions:
Aseasonal (0–1 months with less than 100 mm in precipitation); Slightly seasonal (2–3 dry
months); Seasonal (> 3 dry months). Following Phillips et al. [23], plots were allocated to two
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major soil fertility classes, broadly defined by published soil profiles from each region and data
from a limited number of plots [41] (S1 Table). Estimates of recruitment and turnover rates
were both normally distributed (Recruitment: W = 0.975, p = 0.398, Shapiro-Wilk normality
tests; Turnover: W = 0.965, p = 0.137), while mortality rates were not (W = 0.926, p = 0.004).
Thus, for recruitment and turnover we used an analysis of variance (ANOVA) to test for statisti-
cal differences among each region, seasonality condition and soil fertility, while a Kruskall-Wal-
lis test was used for mortality. Similarly, a parametric post-hoc Tukey test was conducted for
recruitment and turnover when differences were found, and a non-parametric Dunn-test in the
case of mortality. Estimates of AGB and AGWP were normally distributed (AGB: W = 0.987,
p = 0.863; AGWP: W = 0.972, p = 0.282), while biomass loss (AGBmort) was not (W = 0.905,
p< 0.001). To test for regional differences of AGB, AGWP and other AGB components in Ven-
ezuelan forest plots we followed the same approach as set out for turnover rates above.
To explore the question of potential drivers of turnover rates, biomass and productivity, we
followed four analytical steps. First, we applied individual simple correlations using Kendal’s τ
(tau) approach to examine overall trends between all variables as it does not rely on a particular
distribution of the variables involved (S2 Table). Second, we tested the relationships between our
three response variables (turnover, AGB and AGWP) with environmental descriptors using the
scores of the first two axes obtained from the Principal Component Analysis (PCA) explained
earlier. Third, we used simple linear models to explore how turnover, AGB, and AGWP are
affected by each one of the explanatory variables classified by group (i.e., climate, dynamics, and
structure). To account for all potential correlations we also included turnover rates as an explan-
atory variable of both AGB and AGWP. The effects of every AGB component on the total AGB
including biomass and productivity were also included. Finally, we used generalized least
squares (GLS) regression models to further explore these relationships, where we accounted for
the spatial autocorrelation across the plot network by specifying a Gaussian spatial correlation
structure. We conducted our GLS regressions using prior information from the linear modeling
and literature (e.g., [19,23,29,61]), and models were tested based on two groups of parameters
(climate and structure). The explanatory variables were standardized by fitting a mean equal to 0
and variance to 1 to directly compare the effects of all variables. Model selection was based on
the corrected version of the Akaike information criterion (AICc) to correct for small sample size
[68] combined with a k-fold cross-validation method [69]. This approach allows the perfor-
mance of models to be assessed randomly dividing the data into k groups (k = 10 in this study)
and the model is adjusted k times, so in each run one of the k groups is used as a test set. Predic-
tion error was calculated as the relative difference in the root mean squared error (RMSE)
between the full version of the models and the training models. We conducted these analyses
using the “scale” and “gls” functions from the nmle package [70] and “AICc” function
from the MuMIn package [71], all in the R software version 3.4.1 [60].
Results
Environmental variability
Correlations between environmental factors were mixed. Not surprisingly, some of the highest
values were found for actual evapotranspiration (AET) and annual precipitation (MAP) (Kendal’s
tau τ = 0.80), and elevation and temperature (τ = - 0.78) (S2 Table and S2 Fig). The Principal
Component Analysis shows two major axes which explained more than 90% of the environmen-
tal variability in the dataset (Fig 3). A first axis captured 57.6% and was negatively correlated with
latitude, elevation and length of dry season (DryM), and positively correlated with annual tem-
perature (MAT), annual precipitation (MAP), actual and potential evapotranspiration (AET,
PET), available water (WA) and Climatic Water Deficit (CWD). The second axis described 33.4%
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of the variation with elevation, MAP, WA, and CWD negatively correlated, and positively corre-
lated for Latitude, MAT, AET, PET, and length of dry season (Table 1).
Turnover rates, biomass and productivity
Average estimates of turnover rates were 1.91 ± 0.10% year-1 (r = 1.91 ± 0.12; m = 1.89 ± 0.11 –
Standard Error of the Mean) for all plots, and mortality rates and recruitment rates are posi-
tively correlated (Fig 4 and S3 Table). The maximum regional turnover is 2.74 ± 0.17 and the
minimum of 1.36 ± 0.14% y-1 for the Western Plains and Guiana Shield regions respectively.
In most regions mortality and recruitment rates are balanced (i.e., close to the fitted line); how-
ever, some Western Plains sites showed mortality exceeding recruitment (S3 Table). The plots
averaged 159.4 ± 7.3 Mg C ha-1 in AGB, and varied regionally between 100.6 ± 26.5 Mg C ha-1
for Coastal Dry Forests, and 204.8 ± 14.3 Mg C ha-1 in the Guiana Shield. Similarly, Guiana
Shield forests were the most productive with an average carbon uptake in the woody biomass
(AGWP) of 3.26 ± 0.28 Mg C ha-1 y-1, while AGWP was lowest in the drier areas of the eastern
coast of Venezuela, with an average of 1.77 ± 0.48 Mg C ha-1 y-1 (Table 2).
Fig 3. Principal component analysis (PCA) on nine environmental variables of all plots and bioregion. PCA axis 1 largely represents decreasing moisture supply,
while axis 2 is mostly associated with increasing temperatures. See correlations between PCA variables in S2 Table and S2 Fig.
https://doi.org/10.1371/journal.pone.0198489.g003
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ANOVA and Kruskal-Wallis tests showed significant statistical differences for all three
response variables (Turnover, AGB, AGWP) among the six regions (Table 2). Post-hoc tests
were useful to compare the differences among regions. For instance, the Western Plains had
significantly higher turnover than the other regions, while the Guiana Shield has significantly
greater AGB and AGWP, while also being in the grouping of lowest turnover rates, with the
Western Plains in the lowest group of AGB (Fig 5).
Climate seasonality and soil fertility were associated with significant differences in turnover
rates, AGB, and, to a lesser extent, AGWP. Turnover rates were different among the three catego-
ries of seasonality (F = 4.669, p = 0.014) with highly seasonal sites (> 3 dry months per year)
being the most dynamic. These differences are mostly driven by recruitment; although we found
higher rates of mortality for these group of plots, a non-parametric test showed no differences in
mortality with seasonality (χ2 = 3.302; p = 0.19). Both AGB and AGWP showed the same pattern
with decreasing AGB and AGWP with increasing seasonality (aseasonal sites>moderately sea-
sonal sites> highly seasonal sites). Turnover rates were higher for the high fertility plot group
(F = 13.19, p< 0.001). Conversely, AGB was higher in the low fertility sites (F = 8.933, p = 0.004).
AGWP was greater among the high soil fertility plots (n = 22, mostly in Western Plains and low-
mid elevation forests in the Andes), but not significantly so when compared with the low fertility
group (n = 28) (F48,1 = 1.102 p = 0.299) (S3 Fig).
Potential drivers of turnover rates, biomass and aboveground woody
productivity
Turnover rates. Turnover rates were significantly positively correlated with the length of
dry season, mean annual temperature, climatic water deficit, and potential evapotranspiration,
but negatively with elevation. Turnover rates were uncorrelated with the scores of PCA1 axis,
but positively correlated with the second PCA axis (R2 = 0.17; p = 0.002). Aboveground bio-
mass, basal area, stem density, and stand wood density were structural parameters negatively
correlated with turnover (Table 3). Lower rates of turnover, including both recruitment and
mortality, were found in sites characterized either by higher elevation and lower temperatures
(i.e., Andean forests), or lowland forests with higher water availability from precipitation (i.e.,
Central Amazon and Guiana Shield) (Fig 6A and 6B).
Table 1. Loadings and variation explained by three major axes of variation using nine environmental variables recorded for 50 permanent plots in Venezuelan for-
ests. In bold the variables with loadings above 0.3 for each PCA Axis. PCA axis 1 largely represents decreasing moisture supply, while axis 2 is mostly associated with
increasing temperatures.
PCA variable Comp.1 Comp.2 Comp.3
Latitude - 0.409 0.016 0.220
Elevation - 0.160 - 0.526 - 0.152
Mean Annual Temperature (MAT) 0.148 0.535 0.055
Mean Annual Precipitation (MAP) 0.419 - 0.052 0.463
Actual Evapotranspiration (AET) 0.411 0.029 -0.455
Potential Evapotranspiration (PET) 0.205 0.495 -0.218
Available Water (WA) 0.388 - 0.189 0.549
Number of Dry Months (DryM) - 0.389 0.169 -0.012
Climatic Water Deficit (CWD) 0.311 - 0.351 -0.394
Standard Deviation 2.277 1.733 0.590
Proportion of Variance 0.576 0.334 0.037
Cumulative Proportion 0.576 0.910 0.948
https://doi.org/10.1371/journal.pone.0198489.t001
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We tested 13 different GLS models based on climatic parameters, and 10 additional models
using forest structure as explanatory variables for turnover rates (S4 Table). The best climate-
based model (i.e., lowest AICc) describing turnover included the effects of mean annual tempera-
ture (MAT) with a regional interaction. Nevertheless, the difference in the log-likelihood and
AICc among the first six models was relatively small with potential evapotranspiration (PET),
length of dry season and climatic water deficit (CWD) following in the relative importance as cli-
matic drivers of turnover rates. Prediction errors in all models (i.e., the relative difference between
the RMSE from the 10-fold validation and the RMSE from the selected model including all data)
ranged between 0.2 and 16.5%, with 11.7% in the case of the selected model (Pseudo r2 = 0.55;
AICc = 100.57). The average of plot basal area in combination with region were the two struc-
ture-based terms composing the best model to explain turnover rates in our dataset. Prediction
errors for this group of models ranged from 1.4 to 19.9%. In both cases, the selected models
Fig 4. General distribution of mortality and recruitment rates classified by region. Red line in the histograms represent the average for both
demographic rates. Red line in the scatter plot is a linear fit between mortality and recruitment.
https://doi.org/10.1371/journal.pone.0198489.g004
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showed a relatively good fit when comparing predicted vs. estimated values of turnover rates
while also showing the estimated regional differences in turnover rates as well (S4 Fig).
Aboveground biomass (AGB)
AGB was negatively correlated with the length of dry season (R2 = - 0.35, p<0.001), and posi-
tively with available water and mean annual precipitation. The negative nature of CWD also
implied a positive relationship with AGB with less negative values (e.g., Central Eastern Ama-
zon) accounting for high biomass. There was also a positive correlation to PCA1 (increasing
MAP, AET, WA and CWD) (R2 = 0.14, p = 0.005), and a negative correlation with PCA2
(increasing MAT and PET and decreasing elevation). This negative relationship between the
scores of PCA2 and AGB (R2 = - 0.24, p<0.001) suggests that sites with high turnover rates
(e.g., Western Plains) have lower AGB and positive scores on the PCA2 axis (Fig 6D). Andean
forests in general, along with Central Amazon and Guiana Shield comprised the sites with the
highest aboveground biomass. All demographics rates were significantly negatively correlated
with biomass. All forest structure explanatory variables (i.e., basal area, stem density, plot
wood density, aboveground biomass losses from mortality, and woody productivity) were pos-
itively correlated with AGB (Table 3).
Table 2. Summary results of three groups of forest metrics for six major bioregions in Venezuelan forests. Values are means ± standard errors. Tests for differences
among regions are provided. In bold the highest value for each variable.
Forest Property / Bioregion All regions
(n = 50)
Andes Low-
Mid Elevation
(n = 6)
Andes—High
Elevation
(n = 14)
Central
Eastern
Amazon
(n = 2) a
Coastal Dry
Forests (n = 3)
Guiana Shield
(n = 11)
Western
Plains (n = 14)
Statistic b p
Forest
structure
Basal Area
(m2 ha-1)
28.65 ± 1.09 26.87 ± 3.05 36.17 ± 1.38 28.68 19.38 ± 5.08 28.50 ± 2.06 23.99 ± 1.37 F = 7.614 <
0.001
Stem Density
(ha-1)
529.41 ± 34.53 428.25 ± 61.12 731.5 ± 48.27 656.75 482 ± 87.46 625.77 ± 79.44 286.92 ± 13.83 χ2 =
32.021
<
0.001
Plot Wood
Density
(g cm-3)
0.61 ± 0.01 0.59 ± 0.02 0.58 ± 0.01 0.68 0.73 ± 0.01 0.69 ± 0.02 0.57 ± 0.01 χ2 =
26.69
<
0.001
Forest
dynamics
Observed
Recruitment
Rate
(% y-1)
1.913 ± 0.12 1.711 ± 0.38 1.642 ± 0.14 2.413 1.936 ± 0.18 1.191 ± 0.19 2.763 ± 0.16 F = 9.088 <
0.001
Observed
Mortality Rate
(% y-1)
1.899 ± 0.11 1.503 ± 0.31 1.577 ± 0.08 1.657 1.861 ± 0.29 1.533 ±0.16 2.721 ± 0.22 χ2 =
18.01
0.003
Observed
Turnover Rate
(% y-1)
1.906 ± 0.10 1.607 ± 0.31 1.610 ± 0.09 2.035 1.898 ± 0.23 1.362 ± 0.14 2.742 ± 0.17 F = 10.39 <
0.001
Biomass
components
Aboveground
Biomass
(Mg C ha-1)
159.39 ± 7.29 144.89 ± 25.37 173.98 ± 8.00 192.29 100.57 ± 26.47 204.78 ± 14.28 123.24 ± 9.00 F = 7.008 <
0.001
Aboveground
Biomass losses
—AGB loss
(Mg C ha-1 y-1)
2.20 ± 0.18 1.52 ± 0.36 2.20 ± 0.17 2.62 0.79 ± 0.13 3.47 ± 0.53 1.73 ± 0.21 χ2 =
16.786
<
0.001
Aboveground
Woody
Productivity
(Mg C ha-1 y-1)
2.73 ± 0.11 2.94 ± 0.21 2.39 ± 0.14 2.75 1.76 ± 0.48 3.26 ± 0.28 2.77 ± 0.18 F = 3.284 0.0132
a Not possible to calculate standard error due to low sample size (n = 2).
b ANOVA for normally distributed data, and non-parametric Kruskall-Wallis χ2 for other distributions.
https://doi.org/10.1371/journal.pone.0198489.t002
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A combination of water availability (WA), CWD, potential evapotranspiration (PET), and
region formed the best climate model explaining AGB. The next best single-parameter models
showed the relative importance of CWD, PET, length of dry season and WA. Prediction error
for all climatic models ranged between 1.8 and 13.9%. Turnover rates, stem density, average
wood density, biomass loss and woody productivity were all part of the best structural-based
Fig 5. Boxplots of A) turnover rates; B) Aboveground biomass; and C) Wood productivity, including the results
of pos-hoc grouping tests by region. Red dots indicate the average for each variable in each region. Gray dashed
line is the overall mean for each variable. Statistical significant differences were found for turnover (F44,5 = 10.39;
p< 0.001), AGB (F44,5 = 7.008; p< 0.001), and AGWP (F44,5 = 3.284; p< 0.05).
https://doi.org/10.1371/journal.pone.0198489.g005
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model explaining AGB in our dataset. As in the case of turnover rates, the relationship between
the predicted and estimated values was acceptable with a good coefficient of determination
(0.51 for the best climate model and 0.63 for the structure-based model), while partially captur-
ing the regional differences among the dataset (S4 Table and S4 Fig).
Aboveground woody productivity (AGWP)
AGWP was negatively correlated with the number of dry months, increasing elevation and lati-
tude, and positively correlated with AET, CWD, MAT, MAP, PET, and WA (Table 3). AGWP
was significantly and positively correlated with the first PCA axis (R2 = 0.17; p = 0.002) and uncor-
related with the second PCA axis (Fig 6E and 6F). Turnover rates were uncorrelated with AGWP;
however, stem density was negatively correlated with AGWP. Most forest structure variables were
not correlated with AGWP, but there was a positive correlation with AGB (Table 3 and Fig 7).
Using climate variables as predictors, we found that the best model describing AGWP
included AET interacting with region, followed by length of dry season, and CWD. Average
prediction errors for this group of models was 6.7% (min = 1.2; max = 11.6). GLS modeling
confirmed the lack of relationship between most structure variables and AGWP, with only
stem density slightly interacting with region as the terms of the best model describing woody
productivity. However, the relationship between the predicted and estimated values was poor
(S4 Table and S4 Fig).
Discussion
Across Venezuelan forests, and encompassing a wide environmental gradient we quantified
tree turnover rates, aboveground biomass (AGB) and woody productivity (AGWP). Our
Table 3. General correlations (R2) between turnover rates, aboveground biomass and woody productivity and three groups of explanatory variables. Numbers in
bold highlight the significant correlations, with numbers in parenthesis indicating the p-value.
Explanatory variables Response variables
Turnover rate AGB AGWP
Environmental PCA 1 - 0.02 (0.64) 0.14 (0.005) 0.17 (0.002)
PCA 2 0.17 (0.002) - 0.24 (<0.001) - 0.02 (0.51)
Latitude (Lat) - 0.02 (0.76) - 0.13 (0.007) - 0.08 (0.03)
Elevation (Elev) - 0.10 (0.01) 0.06 (0.05) - 0.05 (0.05)
Mean Annual Temperature (MAT) 0.10 (0.01) - 0.09 (0.02) 0.06 (0.05)
Mean Annual Precipitation (MAP) - 0.01 (0.64) 0.15 (0.003) 0.06 (0.04)
Number of Dry Months (DryM) 0.11 (0.01) - 0.35 (<0.001) - 0.22 (<0.001)
Actual Evapotranspiration (AET) - 0.02 (0.74) - 0.06 (0.05) 0.19 (0.001)
Potential Evapotranspiration (PET) 0.09 (0.02) - 0.05 (0.05) 0.05 (0.06)
Available Water (WA) - 0.01 (0.27) 0.24 (<0.001) 0.04 (0.09)
Climatic Water Deficit (CWD) 0.09 (0.02) 0.30 (<0.001) 0.11 (0.01)
Stem Dynamics Turnover rate —- - 0.37 (<0.001) - 0.01 (0.79)
Recruitment rate 0.86 (<0.001) - 0.44 (<0.001) - 0.02 (0.52)
Mortality rate 0.83 (<0.001) - 0.19 (<0.001) - 0.02 (0.84)
Forest
structure
Average Stem Density - 0.16 (0.002) 0.12 (0.007) - 0.12 (0.008)
Average Basal Area - 0.19 (< 0.001) 0.57 (< 0.001) - 0.01 (0.42)
Mean Plot Wood Density - 0.15 (0.003) 0.09 (0.019) 0.01 (0.41)
Aboveground biomass (AGB) - 0.36 (< 0.001) —- 0.10 (0.015)
AGB losses (AGB Mort) - 0.01 (0.53) 0.17 (0.002) 0.01 (0.19)
Woody productivity (AGWP) - 0.01 (0.79) 0.10 (0.015) —-
https://doi.org/10.1371/journal.pone.0198489.t003
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results reveal significant differences in stand and regional-level patterns of all variables for a
broad range of forest habitat types in Venezuela (Figs 4 and 5).
Fig 6. Relationships between turnover rates (A-B), aboveground biomass (C-D), and aboveground woody productivity (E-F) with two PCA axes by
region. Red dashed line indicates the “zero” value for the scores in each axis. For details on direction of the vectors and loadings see Fig 3 and Table 1.
https://doi.org/10.1371/journal.pone.0198489.g006
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First, PCA was useful in describing relevant environmental differences at the regional level
and reflects the overall gradient captured by this dataset. Two orthogonal climatic axes
describe two major gradients in moisture and temperature (Fig 3). Length of dry season and
water availability differentiate the Central Amazon and Guiana Shield from other regions,
with both characterized by the least negative values of CWD and thus highest water availabil-
ity. At the other extreme of this gradient, we found the most negative values of CWD in the
dry forests of the eastern coast of Venezuela. Lowland forests, both at the Guiana Shield and
Western Plains were mostly defined by a warmer climate and medium to high levels of precipi-
tation. As expected, lower temperatures at medium to high elevation characterize the position
for most of the Andean sites along the ordination space (Fig 3 and S1 Table and S2 Fig).
Secondly, in terms of stem dynamics, mean turnover rates (1.91 ± 0.10% year-1) closely
matched previous studies that used a sub-sample of our plots and over a much shorter moni-
toring period [23,42,72]. Turnover rates vary substantially between sites and regions (Fig 4),
Fig 7. AGB relationships with AGWP (A & E), AGB loss (B & F), recruitment rate (C & G), and mortality rate (D & H). Upper panel depicts linear fits for every
region. Bottom panels represents a linear fit for all data combined. Red dashed lines are the arithmetic mean for each variable.
https://doi.org/10.1371/journal.pone.0198489.g007
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suggesting that larger samples for all regions may be needed to better distinguish large-scale
patterns. However, despite the inherent noise in recruitment and mortality processes, taken
together our results further reveal that tree turnover in mature seasonal forests located in the
alluvial plains in western Venezuela (2.74 ± 0.17% year-1) is not only faster than other areas in
Venezuela (mean of 1.82 ± 0.17% year-1), but also than in forests of the northern central Andes
of South America (e.g., 1.88 ± 0.11% year-1, [61]). For western forests in Venezuela, mean turn-
over rates are close to the range reported for other western Amazonia lowland forests (e.g.,
2.49 ± 0.12% year-1, [23]). Sites in the Guiana Shield region, however, had the overall lowest
turnover rates (1.36 ± 0.14% year-1), with average mortality rates (1.53 ± 0.16% year-1) being
close to other estimates from the region (e.g., 1.66 ± 0.16% year-1, [29]) (Figs 4 and 5A).
These regional differences in stem dynamics might indicate a combined effect of prevailing
climate, soil conditions and forest structure, hence revealing complex regional patterns in
turnover, AGB and AWGP that we have partially unveiled with this dataset. Although having
low but significant correlations, the environmental conditions most strongly associated with
turnover rates were mean annual temperature (MAT), length of dry season, and to a lesser
extent other moisture-related parameters such as potential evapotranspiration (PET) and cli-
matic water deficit (CWD) (Tables 3 and S4). When these variables were grouped in the scores
of the second PCA axis we found a significant correlation with turnover rates (Fig 6B). Overall,
sites with high dynamism tend to have a higher moisture deficit, which may shed light on the
effects of water limitation not only on recruitment and mortality, but also on biomass and
productivity.
Previous studies have shown that higher temperatures coupled with stronger water deficit,
whether in the form of low precipitation or extended dry seasons or both, are well-known driv-
ers of tree mortality [73–75]. Our results corroborate other studies (e.g., [29,76]) and show
that the highest rates of tree mortality were found in the two regions with the strongest water
deficit, namely coastal dry forests in Eastern Venezuela and Western Plains (Table 2). The case
of recruitment is less clear since sites with higher water availability (e.g., Central Amazon) also
had high recruitment rates (mean of 2.41% year-1). For instance, in Phillips et al. [23], and
using data from 97 sites across the Amazon, a mean recruitment rate of 2.41 ± 0.15% year-1
was found for plots classified as non-seasonal. In our study, we found significant differences
for recruitment (F = 5.271, p = 0.009) but none for mortality (χ2 = 3.85, p = 0.15) when plots
were classified according to seasonality, although highly seasonal sites had the highest mortal-
ity rate (2.05 ± 0.13% year-1) (S3 Fig).
Estimates of AGB are well within the values reported in other regional studies [16,20,29]
with the Guiana Shield region accounting for the most carbon-rich forests in Venezuela and
the Amazon (204.78 ± 14.28 Mg C ha-1), and dry forests in Eastern Venezuela having the low-
est values in AGB (100.57 ± 26.47 Mg C ha-1) (Fig 5B). Among our three response variables,
AGB was the only one significantly correlated with both PC1 and PC2. Biomass increases with
increasing water availability (WA) but decreases with an increase in temperature and PET,
suggesting that while water deficit may promote higher turnover rates (Fig 6B), it may limit
the amount of carbon stored in these forests (Fig 6D). Moreover, in our dataset, WA, CWD
and PET were the best environmental predictors of AGB by means of linear and GLS modeling
(Tables 3 and S4), with moderately and highly seasonal plots accounting for lower AGB values
(162.84 ± 28.08 and 145.63 ± 7.43 Mg C ha-1 respectively) (S3 Fig).
Two separate assessments conducted at the pan-Amazon scale [17,22] similarly found
strong effects of dry season length on the specific stand characteristics that explained the spa-
tial variation in AGB across different forest types with an east to west gradient in turnover,
AGB, and woody productivity (AGWP). These studies also indicated that wet and warm sites
support higher biomass forests, which were predominantly composed of high wood density
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species (e.g., Guiana Shield). Contrastingly, seasonal sites sustained forests with lower tree
density, basal area and therefore lower AGB (e.g., Western Plains). There was, however, an
important combined effect of soil structure and fertility on turnover and AGB in Quesada
et al. [22] in which less weathered soils may promote higher dynamism through soils with less
effective-depth, and higher AGWP by a higher phosphorous content. These areas are mostly
in western Amazonia where AGB is frequently lower as has been shown previously (e.g.,
[16,29]).
In our study, the lack of good quality standardized data limited our ability to fully test for
the effects of soils in the response variables. However, using a simple approach we were able to
allocate all 50 plots into two major soil fertility classes (S1 Table), and found that turnover
rates were indeed faster for the high fertility group (n = 22), while AGB was significantly higher
for the low fertility group (n = 28). AGWP was also higher in the high fertility group but not
significantly so (S3 Fig). These results are consistent with studies showing that forests in tropi-
cal Amazonia growing on more fertile soils tend to have higher turnover rates than those with
lower fertility, while also being more productive [15,23].
Both recruitment and mortality rates were strongly and negatively correlated with AGB
(Table 3 and Fig 7), showing that tropical forests characterized with a high stem mortality risk,
mostly by environmental conditions that includes extremes of temperature or longer dry sea-
sons, such as those represented by the plots in the Western plains and the dry coast of Venezu-
ela, tend to support lower biomass [18,19]. Although the relationship between mortality rate
and AGB is somewhat weaker than that between recruitment and AGB, it is consistently nega-
tive across all sites, and within most of the regions with the strongest gradients in mortality
(Fig 7). This supports recent findings showing that stem mortality rates determine spatial vari-
ation in AGB in the Amazon [29,77]. However, contrary to the results from Johnson et al. [29]
where no correlation between AGBmort and AGB was found, we see a positive relationship
within our plots, matching the rather weak but significant relationship between AGB and
woody productivity (Fig 7). Since our most productive plots (i.e., Guiana Shield) also had the
highest estimates of both total AGB and AGBmort, we would probably need a larger sample size
to confirm whether the saturation effect in the AGB-AGWP relationship reported in Keeling
and Phillips [28] also holds here.
The relationship between turnover and AGB is an example of how stem dynamics can drive
biomass accumulation, thus different mechanisms of tree mortality may affect forest structure,
which in turn may affect forest biomass. Observations on mode of mortality in our plots indi-
cate that the high mortality rates of some plots (e.g., Western Plains) are driven by more
dynamic death events (e.g., broken and/or uprooted trees, and often involving more than one
individual). In less dense forests, trees with low to medium wood density are more exposed to
strong wind disturbances and are more likely to die because of stem breakage or by being
uprooted, likely associated with soil physical conditions as shown by Quesada et al [22]. These
particular modes of death are often associated with the creation of larger canopy gaps com-
pared to those created by trees that die standing. In northern Amazonia, both growth rate and
wood density were found to be good predictors of tree mortality and modes of death [78,79],
with mortality probabilities depending both on physiological failure (e.g., drought) and
mechanical failure (small size, slow growth and mode of breakage). However, in our dataset,
the drier plots in eastern Venezuela, which had a high average plot wood density (S3 Table),
also had a high overall mortality rates with most trees dying standing. At least for this region,
this pattern seems to be more consistent with climate-induced mortality being the leading
cause of death [19,80].
Only stem density coupled with a regional effect were part of the best model describing
AGWP while also having a considerable low predictive power (S4 Table and S4 Fig). In fact,
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although turnover was a good predictor of AGB, no major effect was found in the case of
woody productivity (S5 Fig). While at larger scales turnover and AGWP seem to be well corre-
lated (e.g., [24]), in our study we found that carbon dynamics is largely uncoupled from stem
dynamics (Table 3 and S5 Fig), and attempting to predict AGWP using forest structure vari-
ables in our plots resulted in overall poor correlations and high errors for most of the models
tested (S4 Table).
In the relationship between tree mortality and productivity, at least four different mecha-
nisms may be at play, with the dominant mechanisms depending on whether the underlying
productivity gradients are caused by climate or soil fertility [81]. In our case, the best models
describing AGWP, i.e., the ones with the lowest AICc, seem to confirm that, at least for our
plots, woody productivity is largely driven by a combined effect from climate, mostly in the
form of water availability (i.e., AET, dry season and CWD), and to a lesser extent by stem den-
sity (S4 Table). For instance, in an analysis conducted at the pantropical scale, woody produc-
tivity was found to be largely driven by seasonal variation in precipitation and
evapotranspiration respectively [82], likely indicating the potential for an overall decrease in
tropical forest productivity under a drier climate scenario. Our results show the inherent com-
plexity underlying these patterns and how, for instance, some sites with high mortality rates
also have high AGWP (e.g., Western Plains), while the highest productivity was found where
turnover rates in general were among the lowest across all regions (e.g., Guiana Shield).
The effects of elevation on turnover, AGWP and AGB is less clear. Stands located at higher
elevations can attain high AGB while having low rates of productivity and turnover. While we
acknowledge a potential effect of using allometric equations to estimate biomass, which are
based on lowland forests, the patterns that were found for these sites still hold when basal area
was included as a proxy variable for AGB. Moreover, AGB and other structural parameters
(i.e., density and basal area) are aligned with other estimates made for mature tropical mon-
tane forests [83], including previous studies where a reduced number of the plots included
here (e.g., “Carbonera” cluster) were also used [84]. One potential explanation for these results
is that, despite having a clear dry season, lower temperatures at higher elevations promotes
lower evapotranspiration and a much higher carbon residence time (Mean of 74.7 years for
Andes High elevation forests–S3 Table). Furthermore, this region accounted for the highest
stem density and basal area across all plots (Table 2), which may also explain the high AGB val-
ues. A similar trend in stem density but not for basal area was found in a tropical Andean gra-
dient [83], but high values in AGB for sites between 2000 and 3000 meters in altitude are
common for tropical montane forests [85].
With regards to AGWP, most studies have shown a decrease in net primary productivity
with elevation, in most cases as a response of cooler temperatures, fog, reduced light incidence
and higher relative humidity [83]. For instance, in an elevation gradient in Amazonia spanning
sites from lowland forests up to 3,000 meters in elevation, Doughty et al. [86] found that forests
produce biomass less efficiently in stands with residence times > 40 years and in stands with
lower soil fertility.
In this study we have tested empirical models that have been applied to other regions in
South America, while expanding the analysis to include other forest-types, such as the highly
dynamic forests of the Western Plains region, the dry forests in the Caribbean coast, and the
high elevation montane forests in the Venezuelan Andes, with the overall aim to contribute to
the understanding how the structure of tropical forests influences forest function over a con-
trasting environmental gradient, and at a scale and region previously unexplored.
Adequately characterizing patterns of turnover, AGB and AGWP over a broad range of envi-
ronmental conditions in tropical forests presents multiple challenges. For instance, having an
adequate and balanced number of sites across all regions and monitoring these simultaneously
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are ideal, but constitutes an important limitation of this study. Future work should focus on
expanding the number of sites and increasing the number of censuses in each region, particu-
larly in the Central Amazon area, to further test the explanatory power of some of our conclu-
sions. Moreover, the use of remote sensing techniques to increase our sample size and to better
predict forest structure in many forest types across the tropics (e.g., [87,88]) would further con-
nect the study of tropical forest structure and function at this scale and region.
Conclusions
Overall, we found that 1) variation in turnover rates in Venezuelan forests are mostly
explained by temperature and water availability, combined with stand-level parameters such
as basal area and wood density, and that seasonal mature forests in the Western Plains are the
most dynamic types; 2) turnover rates and climate are key drivers of forest biomass: where
turnover rates are low, mostly as a result of shorter dry seasons (e.g., Central Amazon and Gui-
ana Shield) or low temperatures at higher elevations (e.g., high elevation forests in the Andes),
forests tend to have higher AGB with stands dominated by medium to high wood density spe-
cies; 3) AGWP in Venezuelan forests is largely controlled by the amount of water available,
while the effects of stem turnover or forest structural variables is less clear.
Our findings strongly implicate that climate acts as a fundamental driver of neotropical for-
est turnover, AGB and AGWP. This study therefore has important implications in the context
of climate change, given that recent increases in drought frequency have impacted the dynam-
ics of tropical forests by inducing higher rates of tree mortality while diminishing their capac-
ity to store biomass (e.g., [53,89]). If the trend to stronger dry seasons continue, some of the
sites included here are likely to be increasingly challenged to continue providing the key eco-
system services of productivity, carbon storage and sequestration.
Supporting information
S1 Table. General description of permanent plots. a Climatic Water Deficit (CWD) as in
Chave et al. 2014 was obtained from a global climate layer for the long-term average of CWD
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lation. Models are ranked by AICc values, and the final selected model is highlighted in bold.
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S2 Fig. A) Kendall’s tau correlation matrix for 10 environmental variables used in the
principal component analysis; B) Inertia plot of PCA; C) Relationships between three
major axes of variation by region.
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S3 Fig. Boxplots of turnover rates (A-B), AGB (C-D), and AGWP (E-F) by three seasonal-
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(TIFF)
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refers to climatic models, while the right panel shows structure-based models for each
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(TIFF)
Acknowledgments
First of all, we thank Jean Pierre Veillon, a true pioneer in the study of Venezuelan forests
whose vision and energy led to the establishment and monitoring of a set of long term plots
nationwide. We sincerely thank Julio Serrano and Pedro Salcedo, integral members of the field
team since the beginning, along with other many collaborators in the field. We thank Luis
Marcano Berti who contributed to the taxonomic identification early in the history of some of
the plots. Jon Lloyd from the Imperial College of London was responsible for the support of
the 2004 field campaign in San Carlos de Rio Negro plots. We thank Gabriela Lo´pez-Gonza´lez
and Georgia Pickavance at ForestPlots.net for help curating the plot database. We thank two
reviewers who provided constructive ideas and suggestions that helped improve the
manuscript.
Author Contributions
Conceptualization: Emilio Vilanova, Oliver L. Phillips, Gregory J. Ettl.
Data curation: Emilio Vilanova, Gerardo Aymard, Luis Ga´mez, Cristabel Dura´n, Lionel Her-
na´ndez, Rafael Herrera, Geertje van der Heijden, Oliver L. Phillips.
Structure and dynamics of Venezuelan forests
PLOS ONE | https://doi.org/10.1371/journal.pone.0198489 June 21, 2018 22 / 27
Formal analysis: Emilio Vilanova, Gregory J. Ettl.
Funding acquisition: Oliver L. Phillips, Gregory J. Ettl.
Investigation: Emilio Vilanova, Hirma Ramı´rez-Angulo, Armando Torres-Lezama, Gerardo
Aymard, Lionel Herna´ndez, Rafael Herrera, Geertje van der Heijden, Oliver L. Phillips,
Gregory J. Ettl.
Methodology: Emilio Vilanova, Oliver L. Phillips, Gregory J. Ettl.
Project administration: Emilio Vilanova, Oliver L. Phillips, Gregory J. Ettl.
Resources: Oliver L. Phillips.
Supervision: Oliver L. Phillips, Gregory J. Ettl.
Validation: Emilio Vilanova.
Visualization: Emilio Vilanova.
Writing – original draft: Emilio Vilanova, Oliver L. Phillips, Gregory J. Ettl.
Writing – review & editing: Emilio Vilanova, Hirma Ramı´rez-Angulo, Armando Torres-
Lezama, Gerardo Aymard, Luis Ga´mez, Cristabel Dura´n, Lionel Herna´ndez, Rafael Her-
rera, Geertje van der Heijden, Oliver L. Phillips, Gregory J. Ettl.
References
1. Slik JWF, Arroyo-Rodrı´guez V, Aiba S-I, Alvarez-Loayza P, Alves LF, Ashton P, et al. An estimate of
the number of tropical tree species. Proc Natl Acad Sci. 2015; 112: 7472–7477. https://doi.org/10.1073/
pnas.1423147112 PMID: 26034279
2. Pan Y, Birdsey RA, Phillips OL, Jackson RB. The Structure, Distribution, and Biomass of the World’s
Forests. Annu Rev Ecol Evol Syst. 2013; 44: 593–622. https://doi.org/10.1146/annurev-ecolsys-
110512-135914
3. Vira B, Mansourian S, Martin A, Gross-camp N, Latawiec A, Swainson L. Social and economic consid-
erations relevant to REDD +. In: Parrotta J., Wildburger C., Mansourian S, editor. Understanding Rela-
tionships between Biodiversity, Carbon, Forests and People: The Key to Achieving REDD+ Objectives.
Viena: International Union of Forest Research Organiations (IUFRO); 2012. pp. 83–112. Available:
https://www.iufro.org/science/gfep/biodiv-forman-redd-panel/report/
4. Hansen MC, Potapov P V., Moore R, Hancher M, Turubanova SA, Tyukavina A, et al. High-resolution
global maps of 21st-century forest cover change. Science (80-). 2013; 342: 850–853. https://doi.org/10.
1126/science.1244693 PMID: 24233722
5. Nepstad D, Mcgrath D, Stickler C, Alencar A, Azevedo A, Swette B, et al. Slowing Amazon deforesta-
tion through public policy and interventions in beef and soy supply chains. Science (80-). 2014; 344.
6. Pearson TRH, Brown S, Murray L, Sidman G. Greenhouse gas emissions from tropical forest degrada-
tion: An underestimated source. Carbon Balance Manag. Springer International Publishing; 2017; 12.
https://doi.org/10.1186/s13021-017-0072-2 PMID: 28246544
7. Houghton RA, House JI, Pongratz J, Van Der Werf GR, Defries RS, Hansen MC, et al. Carbon emis-
sions from land use and land-cover change. Biogeosciences. 2012; 9: 5125–5142. https://doi.org/10.
5194/bg-9-5125-2012
8. Le Que´re´ C, Andrew RM, Canadell JG, Sitch S, Ivar Korsbakken J, Peters GP, et al. Global Carbon
Budget 2016. Earth Syst Sci Data. 2016; 8: 605–649. https://doi.org/10.5194/essd-8-605-2016
9. Phillips OL, Brienen RJW. Carbon uptake by mature Amazon forests has mitigated Amazon nations’
carbon emissions. Carbon Balance Manag. Springer International Publishing; 2017; 12: 1. https://doi.
org/10.1186/s13021-016-0069-2 PMID: 28194224
10. Malhi Y. The productivity, metabolism and carbon cycle of tropical forest vegetation. Journal of Ecology.
2012. pp. 65–75. https://doi.org/10.1111/j.1365-2745.2011.01916.x
11. Cavanaugh KC, Gosnell JS, Davis SL, Ahumada J, Boundja P, Clark DB, et al. Carbon storage in tropi-
cal forests correlates with taxonomic diversity and functional dominance on a global scale. Glob Ecol
Biogeogr. 2014; 23: 563–573. https://doi.org/10.1111/geb.12143
Structure and dynamics of Venezuelan forests
PLOS ONE | https://doi.org/10.1371/journal.pone.0198489 June 21, 2018 23 / 27
12. Sullivan MJP, Talbot J, Lewis SL, Phillips OL, Qie L, Begne SK, et al. Diversity and carbon storage
across the tropical forest biome. Sci Rep. Nature Publishing Group; 2017; 7: 39102. https://doi.org/10.
1038/srep39102 PMID: 28094794
13. van der Sande MT, Poorter L, Kooistra L, Balvanera P, Thonicke K, Thompson J, et al. Biodiversity in
species, traits, and structure determines carbon stocks and uptake in tropical forests. Biotropica.
2017. pp. 593–603. https://doi.org/10.1111/btp.12453
14. Baker T, Phillips O, Malhi Y, Almeida S, Arroyo L, Di Fiore A, et al. Variation in wood density determines
spatial patterns in Amazonian forest biomass. Glob Chang Biol. 2004; 10: 545–562. https://doi.org/10.
1111/j.1529-8817.2003.00751.x
15. Malhi Y, Baker TR, Phillips OL, Almeida S, Alvarez E, Arroyo L, et al. The above-ground coarse wood
productivity of 104 Neotropical forest plots. Glob Chang Biol. 2004; 10: 563–591. https://doi.org/10.
1111/j.1529-8817.2003.00778.x
16. Malhi Y, Wood D, Baker TR, Wright J, Phillips OL, Cochrane T, et al. The regional variation of above-
ground live biomass in old-growth Amazonian forests. Glob Chang Biol. 2006; 12: 1107–1138. https://
doi.org/10.1111/j.1365-2486.2006.01120.x
17. Baraloto C, Rabaud S, Molto Q, Blanc L, Fortunel C, He´rault B, et al. Disentangling stand and environ-
mental correlates of aboveground biomass in Amazonian forests. Glob Chang Biol. 2011; 17: 2677–2688.
https://doi.org/10.1111/j.1365-2486.2011.02432.x
18. Stegen JC, Swenson NG, Enquist BJ, White EP, Phillips OL, Jørgensen PM, et al. Variation in above-
ground forest biomass across broad climatic gradients. Glob Ecol Biogeogr. 2011; 20: 744–754. https://
doi.org/10.1111/j.1466-8238.2010.00645.x
19. A´ lvarez-Da´vila E, Cayuela L, Gonza´lez-Caro S, Aldana AM, Stevenson PR, Phillips O, et al. Forest bio-
mass density across large climate gradients in northern South America is related to water availability
but not with temperature. PLoS One. 2017; 12: 1–16. https://doi.org/10.1371/journal.pone.0171072
PMID: 28301482
20. Mitchard ETA, Feldpausch TR, Brienen RJW, Lopez-Gonzalez G, Monteagudo A, Baker TR, et al.
Markedly divergent estimates of Amazon forest carbon density from ground plots and satellites. Glob
Ecol Biogeogr. 2014; 23: 935–946. https://doi.org/10.1111/geb.12168 PMID: 26430387
21. Marimon BS, Marimon-Junior BH, Feldpausch TR, Oliveira-Santos C, Mews HA, Lopez-Gonzalez G,
et al. Disequilibrium and hyperdynamic tree turnover at the forest-cerrado transition zone in southern
Amazonia. Plant Ecol Divers. 2014; 7: 281–292. https://doi.org/10.1080/17550874.2013.818072
22. Quesada CA, Phillips OL, Schwarz M, Czimczik CI, Baker TR, Patiño S, et al. Basin-wide variations in
Amazon forest structure and function are mediated by both soils and climate. Biogeosciences. 2012; 9:
2203–2246. https://doi.org/10.5194/bg-9-2203-2012
23. Phillips OL, Baker TR, Arroyo L, Higuchi N, Killeen TJ, Laurance WF, et al. Pattern and process in Ama-
zon tree turnover, 1976–2001. Philos Trans R Soc B Biol Sci. 2004; 359: 381–407. https://doi.org/10.
1098/rstb.2003.1438 PMID: 15212092
24. Stephenson NL, Van Mantgem PJ. Forest turnover rates follow global and regional patterns of produc-
tivity. Ecol Lett. 2005; 8: 524–531. https://doi.org/10.1111/j.1461-0248.2005.00746.x PMID: 21352456
25. Whittaker RH, Likens GE. Carbon and the Biosphere. In: Woodwell G. M.,Pecan E, editor. Brookhaven
Symposium in Biology. Washington, D.C: Technical Information Center, US Atomic Energy Commis-
sion; 1973. p. 392.
26. Swaine MD, Lieberman D, Putz FE. The dynamics of tree populations in tropical forest: a review. J Trop
Ecol. 1987; 3: 359–366. https://doi.org/10.1017/S0266467400002339
27. Phillips OL, Lewis SL, Baker TR, Chao K-J, Higuchi N. The changing Amazon forest. Philos Trans R
Soc B Biol Sci. 2008; 363: 1819–1827. https://doi.org/10.1098/rstb.2007.0033 PMID: 18267900
28. Keeling HC, Phillips OL. The global relationship between forest productivity and biomass. Glob Ecol
Biogeogr. 2007; 16: 618–631. https://doi.org/10.1111/j.1466-8238.2007.00314.x
29. Johnson MO, Galbraith D, Gloor M, De Deurwaerder H, Guimberteau M, Rammig A, et al. Variation in
stem mortality rates determines patterns of above-ground biomass in Amazonian forests: implications
for dynamic global vegetation models. Glob Chang Biol. 2016; 22: 3996–4013. https://doi.org/10.1111/
gcb.13315 PMID: 27082541
30. Castanho ADA, Coe MT, Costa MH, Malhi Y, Galbraith D, Quesada CA. Improving simulated Amazon
forest biomass and productivity by including spatial variation in biophysical parameters. Biogeos-
ciences. 2013; 10: 2255–2272. https://doi.org/10.5194/bg-10-2255-2013
31. Ro¨dig E, Cuntz M, Heinke J, Rammig A, Huth A. Spatial heterogeneity of biomass and forest structure
of the Amazon rain forest: Linking remote sensing, forest modelling and field inventory. Glob Ecol Bio-
geogr. 2017; 26: 1292–1302. https://doi.org/10.1111/geb.12639
32. Steyermark J. Venezuela–The Botanical Paradise. Bol Soc Venez Ci Nat. 1961; 22: 291–297.
Structure and dynamics of Venezuelan forests
PLOS ONE | https://doi.org/10.1371/journal.pone.0198489 June 21, 2018 24 / 27
33. Huber O. Conservation and environmental concerns in the Venezuelan Amazon. Biodivers Conserv.
2001; 10: 1627–1643. https://doi.org/10.1023/a:1012042628406
34. Huber O, Oliveira-Miranda M. Ambientes terrestres de Venezuela. In: Rodrı´guez J, Rojas-Sua´rez F,
Herna´ndez D, editors. Libro Rojo de los Ecosistemas Terrestres de Venezuela. Caracas: PROVITA,
Shell Venezuela, Lenovo Venezuela; 2010. pp. 29–89.
35. Pacheco-Angulo C, Vilanova E, Aguado I, Monjardin S, Martinez S. Carbon emissions from deforesta-
tion and degradation in a forest reserve in Venezuela between 1990 and 2015. Forests. 2017; 8: 1–23.
https://doi.org/10.3390/f8080291
36. Bevilacqua M, Ca´rdenas L, Flores A, Herna´ndez L, Lares E, Mansutti A, et al. The State of Venezuela’s
Forests: A Case Study of the Guayana Region. Global Forest Watch—World Resources Institute, edi-
tor. Washington, D.C; 2002.
37. Herrera R, Jordan CF, Klinge H, Medina E. Amazon ecosystems, their structure and functioning with
particular emphasis on nutrients. Interciencia. 1978; 3: 223–231.
38. Veillon JP. El crecimiento de algunos bosques naturales de Venezuela en relacio´n con los para´metros
del medio ambiente. Rev For Venez. 1985; 29: 5–122.
39. Herna´ndez L, Dezzeo N, Sanoja E, Salazar L, Castellanos H. Changes in structure and composition of
evergreen forests on an altitudinal gradient in the Venezuelan Guayana Shield. Rev Biol Trop. 2012;
60: 11–33. https://doi.org/10.12657/denbio.073.004 PMID: 22458207
40. Cuevas E, Medina E. Nutrient dynamics within amazonian forests I. Nutrient flux in fine litter fall and effi-
ciency of nutrient utilization. Oecologia. 1986; 68: 466–472. https://doi.org/10.1007/BF01036756 PMID:
28311796
41. Quesada CA, Lloyd J, Anderson LO, Fyllas NM, Schwarz M, Czimczik CI. Soils of Amazonia with partic-
ular reference to the RAINFOR sites. Biogeosciences. 2011; 8: 1415–1440. https://doi.org/10.5194/bg-
8-1415-2011
42. Ramirez-Angulo H, Torres-Lezama A, Serrano J. Mortalidad y reclutamiento de a´rboles en un bosque
nublado de la cordillera de los Andes, Venezuela. Ecotropicos. 2002; 15: 177–184. Available: http://
erevistas.saber.ula.ve/index.php/ecotropicos/article/view/10239
43. Hammond D. Tropical forests of the Guiana shield: ancient forests in a modern world [Internet]. Walling-
ford, Oxfordshire, UK: CABI Pub; 2005. doi:10.1079/9780851995366.0000
44. Delaney M, Brown S, Lugo AE, Torres-Lezama A, Quintero NB. The Quantity and Turnover of Dead
Wood in Permanent Forest Plots in Six Life Zones of Venezuela1. Biotropica. 1998; 30: 2–11. https://
doi.org/10.1111/j.1744-7429.1998.tb00364.x
45. Torres-Lezama A, Bello N, Ramı´rez H. Productividad del bosque natural en varias zonas de vida de
Venezuela y su relacio´n con algunas variables clima´ticas y eda´ficas. Rev For Venez. 2002; 46: 63–76.
Available: http://www.saber.ula.ve/handle/123456789/24342
46. Kammesheidt L, Lezama AT, Franco W, Plonczak M. History of logging and silvicultural treatments in
the western Venezuelan plain forests and the prospect for sustainable forest management. For Ecol
Manage. 2001; 148: 1–20. https://doi.org/10.1016/S0378-1127(00)00529-6
47. Schargel R. Geomorfologı´a y suelos. In: Duno de Stefano R, Aymard G, Huber O, editors. Cata´logo
Anotado e Ilustrado de la Flora Vascular de los Llanos de Venezuela. Caracas: FUDENA, Fundacio´n
Polar-FIBV; 2015. pp. 15–31.
48. Ramirez Angulo H, Acevedo M, Ataroff M, Torres Lezama A. Adaptacio´n de un modelo de claros para
el estudio de la dinamica de un bosque estacional en los llanos occidentales de Venezuela. Rev For
Venez. 2010; 54: 207–226. https://doi.org/10.1079/9780851995366.0000
49. Phillips O, Baker T, Feldspauch T, Brienen RJW. Field manual for Plot Establishment and Remeasure-
ment (RAINFOR). Leeds, UK; 2016.
50. Malhi Y, Phillips OL, Lloyd J, Baker T, Wright J, Almeida S, et al. An international network to monitor the
structure, composition and dynamics of Amazonian forests (RAINFOR). J Veg Sci. 2002; 13: 439–450.
https://doi.org/10.1111/j.1654-1103.2002.tb02068.x
51. Peacock J, Baker TR, Lewis SL, Lopez-gonzalez G, Phillips OL. The RAINFOR database: monitoring
forest biomass and dynamics. J Veg Sci. 2007; 18: 535–542. https://doi.org/10.1658/1100-9233(2007)
18[535:TRDMFB]2.0.CO;2
52. Lopez-Gonzalez G, Lewis SL, Burkitt M, Phillips OL. ForestPlots.net: A web application and research
tool to manage and analyse tropical forest plot data. J Veg Sci. 2011; 22: 610–613. https://doi.org/10.
1111/j.1654-1103.2011.01312.x
53. Brienen RJW, Phillips OL, Feldpausch TR, Gloor E, Baker TR, Lloyd J, et al. Long-term decline of the
Amazon carbon sink. Nature. Nature Publishing Group; 2015; 519: 344–348. https://doi.org/10.1038/
nature14283 PMID: 25788097
Structure and dynamics of Venezuelan forests
PLOS ONE | https://doi.org/10.1371/journal.pone.0198489 June 21, 2018 25 / 27
54. Fick SE, Hijmans RJ. WorldClim 2: new 1-km spatial resolution climate surfaces for global land areas.
International Journal of Climatology. 2017: 4302–4315. https://doi.org/10.1002/joc.5086
55. Chave J, Re´jou-Me´chain M, Bu´rquez A, Chidumayo E, Colgan MS, Delitti WBC, et al. Improved allometric
models to estimate the aboveground biomass of tropical trees. Glob Chang Biol. 2014; 20: 3177–3190.
https://doi.org/10.1111/gcb.12629 PMID: 24817483
56. Zomer RJ, Trabucco A, Bossio DA, Verchot LV. Climate change mitigation: A spatial analysis of global
land suitability for clean development mechanism afforestation and reforestation. Agric Ecosyst Envi-
ron. 2008; 126: 67–80. https://doi.org/10.1016/j.agee.2008.01.014
57. Gotelli N, Ellison A. The Analysis of Multivariate Data. In: Gotelli NJ, Ellison A, editors. A primer of eco-
logical statistics. Sunderland, MA, USA: Sinauer; 2004. pp. 381–445.
58. McCune B, Grace JB, Urban DL. Analysis of ecological communities [Internet]. Structural Equation
Modeling. Gleneden Beach, OR, USA; 2002. doi:10.1016/S0022-0981(03)00091-1
59. Oksanen F, Blanchet G, Friendly M, Kindt R, Legendre P, McGlinn D, et al. Package “vegan.” 2017.
doi:10.1093/molbev/msv334
60. R Development Core Team. R: A Language and Environment for Statistical Computing [Internet]. 2016.
Available: https://www.r-project.org/
61. Ba´ez S, Malizia A, Carilla J, Blundo C, Aguilar M, Aguirre N, et al. Large-scale patterns of turnover and
basal area change in Andean forests. PLoS One. 2015; 10: 1–14. https://doi.org/10.1371/journal.pone.
0126594 PMID: 25973977
62. Sheil D. A critique of permanent plot methods and analysis with examples from Budongo Forest,
Uganda. For Ecol Manage. 1995; 77: 11–34. https://doi.org/10.1016/0378-1127(95)03583-V
63. Lewis SL, Phillips OL, Sheil D, Vinceti B, Baker TR, Brown S, et al. Tropical forest tree mortality, recruit-
ment and turnover rates: Calculation, interpretation and comparison when census intervals vary. J Ecol.
2004; 92: 929–944. https://doi.org/10.1111/j.0022-0477.2004.00923.x
64. Chave J, Andalo C, Brown S, Cairns MA, Chambers JQ, Eamus D, et al. Tree allometry and improved
estimation of carbon stocks and balance in tropical forests. Oecologia. 2005; 145: 87–99. https://doi.
org/10.1007/s00442-005-0100-x PMID: 15971085
65. Feldpausch TR, Lloyd J, Lewis SL, Brienen RJW, Gloor M, Monteagudo Mendoza A, et al. Tree height
integrated into pantropical forest biomass estimates. Biogeosciences. 2012; 9: 3381–3403. https://doi.
org/10.5194/bg-9-3381-2012
66. Zanne AE, Lopez-Gonzalez G, Coomes DAA, Ilic J, Jansen S, Lewis SLSL, et al. Data from: Towards a
worldwide wood economics spectrum. Dryad Digital Repository. Dryad. 2009; 235: 33. https://doi.org/
10.5061/dryad.234
67. Talbot J, Lewis SL, Lopez-Gonzalez G, Brienen RJW, Monteagudo A, Baker TR, et al. Methods to esti-
mate aboveground wood productivity from long-term forest inventory plots. For Ecol Manage. Elsevier
B.V.; 2014; 320: 30–38. https://doi.org/10.1016/j.foreco.2014.02.021
68. Johnson JB, Omland KS. Model selection in ecology and evolution. Trends Ecol Evol. 2004; 19: 101–
108. https://doi.org/10.1016/j.tree.2003.10.013 PMID: 16701236
69. Picard RR, Cook RD. Cross-Validation of Regression Models. J Am Stat Assoc. 1984; 79: 575–583.
https://doi.org/10.1080/01621459.1984.10478083
70. Pinheiro J, Bates D, DebRoy S, Sarkar D, Heisterkamp S, Van Willigen B. nlme: Linear and Nonlinear
Mixed Effects Models [Internet]. R package 3rd edn. 2017. pp. 1–336. Available: https://cran.r-project.
org/web/packages/nlme/nlme.pdf
71. Barton K. Multi-Model Inference. 2018; Available: https://cran.r-project.org/web/packages/MuMIn/
MuMIn.pdf
72. Carey EV, Brown S, Gillespie AJR, Lugo AE. Tree Mortality in Mature Lowland Tropical Moist and Tropi-
cal Lower Montane Moist Forests of Venezuela. Biotropica. 1994; 26: 255–265. https://doi.org/10.2307/
2388846
73. Phillips OL, van der Heijden G, Lewis SL, Lo´pez-Gonza´lez G, Aragão LEOC, Lloyd J, et al. Drought-
mortality relationships for tropical forests. New Phytol. 2010; 187: 631–646. https://doi.org/10.1111/j.
1469-8137.2010.03359.x PMID: 20659252
74. Meir P, Mencuccini M, Dewar RC. Drought-related tree mortality: Addressing the gaps in understanding
and prediction. New Phytol. 2015; 207: 28–33. https://doi.org/10.1111/nph.13382 PMID: 25816852
75. Zhang Q, Shao M, Jia X, Wei X. Relationship of climatic and forest factors to drought- and heat-induced
tree mortality. PLoS One. 2017; 12: 1–17. https://doi.org/10.1371/journal.pone.0169770 PMID: 28095437
76. Pillet M, Joetzjer E, Belmin C, Chave J, Ciais P, Dourdain A, et al. Disentangling competitive vs. climatic
drivers of tropical forest mortality. J Ecol. 2017; 1–15. https://doi.org/10.1111/1365-2745.12876
Structure and dynamics of Venezuelan forests
PLOS ONE | https://doi.org/10.1371/journal.pone.0198489 June 21, 2018 26 / 27
77. Delbart N, Ciais P, Chave J, Viovy N, Malhi Y, Le Toan T. Mortality as a key driver of the spatial distribu-
tion of aboveground biomass in Amazonian forest: Results from a dynamic vegetation model. Biogeos-
ciences. 2010; 7: 3027–3039. https://doi.org/10.5194/bg-7-3027-2010
78. Chao KJ, Phillips OL, Gloor E, Monteagudo A, Torres-Lezama A, Martı´nez RV. Growth and wood den-
sity predict tree mortality in Amazon forests. J Ecol. 2008; 96: 281–292. https://doi.org/10.1111/j.1365-
2745.2007.01343.x
79. Chao KJ, Phillips OL, Monteagudo A, Torres-Lezama A, Va´squez Martı´nez R. How do trees die? Mode
of death in northern Amazonia. J Veg Sci. 2009; 20: 260–268. https://doi.org/10.1111/j.1654-1103.
2009.05755.x
80. Greenwood S, Ruiz-Benito P, Martı´nez-Vilalta J, Lloret F, Kitzberger T, Allen CD, et al. Tree mortality
across biomes is promoted by drought intensity, lower wood density and higher specific leaf area. Ecol
Lett. 2017; 20: 539–553. https://doi.org/10.1111/ele.12748 PMID: 28220612
81. Stephenson NL, Van Mantgem PJ, Bunn AG, Bruner H, Harmon ME, O’Connell KB, et al. Causes and
implications of the correlation between forest productivity and tree mortality rates. Ecol Monogr. 2011;
81: 527–555. https://doi.org/10.1890/10-1077.1
82. Wagner FH, He´rault B, Bonal D, Stahl C, Anderson LO, Baker TR, et al. Climate seasonality limits leaf
carbon assimilation and wood productivity in tropical forests. Biogeosciences. 2016; 13: 2537–2562.
https://doi.org/10.5194/bg-13-2537-2016
83. Girardin CAJ, Farfan-Rios W, Garcia K, Feeley KJ, Jørgensen PM, Murakami AA, et al. Spatial patterns
of above-ground structure, biomass and composition in a network of six Andean elevation transects.
Plant Ecol Divers. 2014; 7: 161–171. https://doi.org/10.1080/17550874.2013.820806
84. Delaney M, Brown S, Lugo AE, Torres-Lezama A, Quintero NB. The distribution of organic carbon in
major components of forests located in five life zones of Venezuela. J Trop Ecol. 1997; 13: 697. https://
doi.org/10.1017/S0266467400010877
85. Spracklen D V., Righelato R. Tropical montane forests are a larger than expected global carbon store.
Biogeosciences. 2014; 11: 2741–2754. https://doi.org/10.5194/bg-11-2741-2014
86. Doughty CE, Goldsmith GR, Raab N, Girardin CAJ, Farfan-Amezquita F, Huaraca-Huasco W, et al.
What controls variation in carbon use efficiency among Amazonian tropical forests? Biotropica. 2017; 0:
1–10. https://doi.org/10.1111/btp.12504
87. Marvin DC, Asner GP, Knapp DE, Anderson CB, Martin RE, Sinca F, et al. Amazonian landscapes and
the bias in field studies of forest structure and biomass. Proc Natl Acad Sci. 2014; 111: E5224–E5232.
https://doi.org/10.1073/pnas.1412999111 PMID: 25422434
88. Da Conceic¸ao Bispo P, Dos Santos JR, De Morisson Valeriano M, De Alencastro Grac¸a PML, Balzter
H, Franc¸a H, et al. Predictive models of primary tropical forest structure from geomorphometric vari-
ables based on SRTM in the Tapajo’s region, Brazilian Amazon. PLoS One. 2016; 11: 1–13. https://doi.
org/10.1371/journal.pone.0152009 PMID: 27089013
89. Feldpausch TR, Phillips OL, Brienen RJW, Gloor E, Lloyd J, Malhi Y, et al. Amazon forest response to
repeated droughts. Global Biogeochem Cycles. 2016; 30: 964–982. https://doi.org/10.1002/
2015GB005133.Received
Structure and dynamics of Venezuelan forests
PLOS ONE | https://doi.org/10.1371/journal.pone.0198489 June 21, 2018 27 / 27
